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Abstract

Domain adaptation aims to improve the robustness of object detection models under distribution shifts between source and target
domains. Unlike traditional methods requiring full access to target-domain data during training, this work focuses on Test-Time
Adaptive Object Detection (TTAOD), where model adaptation occurs dynamically at test time with unlabeled target samples, fol-
lowing the general paradigm of Test-Time Adaptation (TTA). First, we employ a self-training framework to generate pseudo-labeled
objects using an exponential moving average model. Since self-training can produce incorrect pseudo-labels, we further align fea-
ture distributions at two output levels: image level and instance level, as regularization to support self-training and help the target do-
main learn the source-domain distribution. At the image level, Global Feature Alignment (GFA) mitigates domain shift by aligning
the backbone feature distributions between the source and target domains. At the instance level, Prototype-guided Foreground Con-
trast (PFC) improves feature discriminability by using source-domain prototypes to guide contrastive learning, pulling features of
the same category closer together while pushing apart those of different categories. To validate the proposed approach, we construct
benchmarks on several object detection datasets, simulating realistic distribution shifts, and adapt existing TTA methods for com-
parison. Extensive experiments show that our method significantly enhances detection robustness and achieves strong performance
under both standard TTA and continual TTA settings. The code is available at https://github.com/Lans1ng/STFAR.
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1. Introduction

Object detection is a fundamental computer vision task
with broad applications in autonomous driving Mushtaq et al.
(2025), remote sensing Rajendran et al. (2025); Hou et al.
(2026); Xu et al. (2026), medical imaging Cai et al. (2025),
and industrial inspection Fan et al. (2025); Yang et al. (2025).
With the rapid progress of deep neural networks, object detec-
tors have achieved remarkable performance on natural images.
However, robustness remains a major challenge. Prior studies
have shown that photorealistic corruptions can cause substantial
performance degradation in modern detectors.
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To improve the robustness of object detection models, unsu-
pervised domain adaptation approaches seek to learn domain-
invariant features that improve model generalization Li et al.
(2025); Zhao and Wang (2025). Recent studies have also
explored domain-adaptive and robust object detection under
challenging conditions Wen et al. (2025b,c,a). As shown in
Fig. 1(a), UDA assumes both source- and target-domain sam-
ples are available when training a domain-generalizable model.
This assumption, however, only applies to scenarios where
source-domain data is accessible and the target-domain distri-
bution is static. In more realistic scenarios, source-domain data
may not be available for adaptation due to privacy constraints.
Hence, jointly learning an invariant representation from both
source and target data is not feasible. As shown in Fig. 1(b),
source-free object detection (SFOD) Li et al. (2021, 2022) re-
laxes this requirement by adapting to the target domain without
accessing source-domain data. Although SFOD moves closer
to a realistic domain adaptation setup, we argue that important
practical challenges remain unresolved. First, the target domain
distribution, e.g., the types of corruption, is often unpredictable
before testing begins. For example, under changing weather or
lighting conditions on a new camera, the corruption type is of-
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Figure 1: Overview of the adopted test-time adaptation protocol and its differ-
ences from UDA and SFOD. UDA requires access to both source- and target-
domain data for adaptation. SFOD requires access to all target-domain test data
for adaptation. In contrast, TTA sequentially adapts to target-domain test data
on-the-fly. The dashed lines in (c) represent the sequential inference stream,
indicating that test samples arrive one at a time and the model must simultane-
ously produce predictions and adapt its weights online.

ten unknown until test samples are observed. SFOD will thus
struggle to adapt to a test distribution that is entirely unknown
before testing starts. Moreover, test samples arrive sequentially,
and predictions should be produced immediately upon the ar-
rival of each new sample Su et al. (2022). Since SFOD requires
access to the full target set for adaptation, it cannot support si-
multaneous inference and on-the-fly adaptation.

To address unpredictable target-domain distributions and the
need for simultaneous inference and adaptation, test-time adap-
tation (TTA) Sun et al. (2020); Wang et al. (2020); Su et al.
(2022) has emerged as a practical paradigm for updating model
weights online. Under TTA, adaptation is performed sequen-
tially at test time while predictions are produced immedi-
ately Su et al. (2022). Existing TTA methods typically rely on
dynamic source-target distribution alignment Su et al. (2022),
self-training with pseudo-labels, or auxiliary self-supervised
tasks Sun et al. (2020). Recent continual TTA methods for
classification, such as CoTTA Wang et al. (2022), RoTTA Yuan
et al. (2023), and TCA Ni et al. (2025), further emphasize sta-
bility under dynamic domain shifts via parameter restoration,
memory-based updates, or topology-preserving regularization.
However, these approaches have been developed almost exclu-
sively for image classification, and effective TTA for object
detection remains underexplored. To fill this gap, we study
test-time adaptive object detection (TTAOD). As illustrated in
Fig. 1(c), TTAOD adopts a predict-then-adapt cycle: unlabeled
test samples with potentially varying corruption types arrive se-
quentially (indicated by dashed arrows), and at each timestep
the model first produces detection predictions on the incoming
sample, then immediately updates its weights before processing
the next one. This enables the model to continuously track dis-
tribution shifts on-the-fly, without any prior knowledge of the
target domain distribution and without the need to collect target

data in advance.
We study Test-Time Adaptive Object Detection (TTAOD)

from two complementary perspectives. First, self-training pro-
vides a natural way to exploit unlabeled test samples: the detec-
tor predicts pseudo-labels and uses them as supervision for on-
line adaptation. However, pseudo-labels in object detection can
be noisy, and repeated adaptation to them can accumulate errors
and induce confirmation bias Arazo et al. (2020). Self-training
alone is therefore insufficiently stable for test-time adaptation.
Distribution alignment has also shown promise in test-time
adaptation Su et al. (2022). Building on this observation, we
use alignment as a regularizer for self-training rather than as a
stand-alone objective. At the image level, we introduce Global
Feature Alignment (GFA) to align backbone feature distribu-
tions between the source and target domains, keeping the de-
tector anchored to the source-domain representation during on-
line adaptation. This helps preserve the effectiveness of the
source-domain RPN and detection heads under corruption. At
the instance level, object detection requires not only globally
aligned features but also discriminative foreground representa-
tions for classification and localization. Yet target-domain pre-
dictions are often noisy, making direct instance-level alignment
unreliable. We therefore introduce Prototype-guided Fore-
ground Contrast (PFC), which uses source-domain class pro-
totypes to regularize target RoI features by pulling same-class
features closer and pushing different-class features apart. To-
gether, GFA and PFC provide image-level and instance-level
regularization, making self-training more robust under test-time
distribution shift.

To validate the effectiveness of the proposed method, we es-
tablish benchmarks for test-time adaptive object detection. We
create corrupted target-domain benchmarks from three standard
object detection datasets and adapt representative TTA meth-
ods to object detection. We further simulate a realistic contin-
ual domain-shift scenario Wang et al. (2022) by continuously
adapting the model to multiple types of distribution shifts. Ex-
tensive experiments are carried out on these datasets. The con-
tributions of this work are summarized below:

• We study the Test-Time Adaptive Object Detection
(TTAOD) setting, where a detector adapts on-the-fly to
unpredictable corruptions without source images at test
time. We construct comprehensive benchmarks on COCO-
C, PASCAL-C, Foggy Cityscapes, and Clipart, and adapt
representative TTA methods to object detection as base-
lines, enabling systematic evaluation of this challenging
setting.

• We propose Global Feature Alignment (GFA), which
aligns global backbone feature distributions between
source and target domains using compact offline-stored
first- and second-order statistics, without requiring source
images at test time. GFA serves as a regularization term
during self-training to prevent confirmation-bias-induced
drift, making it well-suited to the online streaming infer-
ence protocol of TTA.

• We propose Prototype-guided Foreground Contrast
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(PFC), which enhances instance-level foreground feature
discriminability by using source-domain class prototypes
to guide contrastive learning, pulling same-class features
closer and pushing different-class features apart to reduce
category confusion from noisy pseudo-labels.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work on domain-adaptive object de-
tection, source-free object detection, and test-time adaptation.
Section 3 presents the proposed STFAR framework, includ-
ing the self-training pipeline, Global Feature Alignment, and
Prototype-guided Foreground Contrast. Section 4 reports ex-
tensive experiments and ablation studies under both single-
domain and continual domain shifts. Section 5 concludes the
paper.

2. Related Works

2.1. Domain Adaptive Object Detection

In recent years, a number of unsupervised domain adapta-
tion (UDA) methods have been proposed to reduce domain gaps
in object detection. These methods can be grouped into three
broad categories. i) Aligning source and target distributions at
different layers and levels. For example, DA-Faster Chen et al.
(2018), a pioneering UDA method, proposes a domain-adaptive
Faster R-CNN that reduces discrepancy at both the image and
instance levels by introducing two domain classifiers with ad-
versarial training. SWDA Saito et al. (2019) aligns local fea-
tures in shallow layers and image-level features in deep layers,
i.e., strong local and weak global alignment. Similar to SWDA,
HTCN Chen et al. (2020) and SSA-DA Zhao et al. (2020) align
features on multiple layers by adversarial training. H2FA R-
CNN Xu et al. (2022) studies cross-domain weakly supervised
object detection and introduces holistic and hierarchical feature
alignment. ii) Learning from noisy labels through self-training,
e.g., NL Khodabandeh et al. (2019). iii) Sample-generation-
based strategies that synthesize training data to bridge the do-
main gap. Recent related studies have also considered prompt-
based feature alignment and robust detection under challeng-
ing visual conditions Wen et al. (2025b,c,a). In our method, a
momentum-updated Faster R-CNN is used to improve stability
during test-time adaptation. Although these methods achieve
strong performance, they all require access to source-domain
data during adaptation. When source data is inaccessible due
to privacy constraints or storage overhead, more challenging
settings arise, including source-free domain adaptation Liang
et al. (2020); Li et al. (2022) and test-time adaptation Sun et al.
(2020); Wang et al. (2020).

2.2. Source-Free Object Detection

Without access to source data, Source-Free Domain Adapta-
tion aims to adapt a source-pretrained model using only unla-
beled target data. In classification, SHOT Liang et al. (2020)
generates pseudo-labels for each target sample and performs a
self-training process and information maximization to ensure
class balance. Recently, a few source-free domain adaptation

methods have been used to alleviate the domain gap in ob-
ject detection tasks when source data is not accessible, a set-
ting often referred to as Source-Free Object Detection (SFOD).
HCL Huang et al. (2021) proposes historical contrastive in-
stance discrimination to encourage the consistency between
current representation and historical representations. LODS Li
et al. (2022) enhances the style of the target image via the style
enhancement module and reduces the style degree difference
between the original image and the enhanced one. SFOD meth-
ods have been shown to perform well on cross-domain object
detection, even when compared with UDA methods Li et al.
(2022). Nevertheless, SFOD typically requires multiple adap-
tation epochs on the target domain. This makes it unsuitable for
realistic deployment scenarios in which inference and adapta-
tion must be performed simultaneously and target data cannot
be collected in bulk beforehand.

2.3. Test-Time Adaptation

Collecting target-domain samples in bulk in advance and
adapting the source model offline limits deployment to static
and known target domains. To enable fast online adaptation on
unlabeled target data, Test-Time Adaptation (TTA) Sun et al.
(2020); Wang et al. (2020); Fortes et al. (2026) has emerged.
TTT-R Sun et al. (2020), a pioneer in this line, adapts the model
on-the-fly by an auxiliary self-supervised task. Tent Wang
et al. (2020) first proposes a fully test-time adaptation method
without any auxiliary branch. Following TTT-R and Tent,
many effective methods have been proposed, including source-
target distribution alignment Su et al. (2022), self-training with
pseudo-labels, prototype learning Iwasawa and Matsuo (2021),
and more realistic test-time training protocols Su et al. (2022).
However, existing TTA methods are designed almost exclu-
sively for image classification rather than object detection,
where on-the-fly adaptation is more challenging. In this work,
we study the more practical problem of adapting an object de-
tector to a real-time target domain on-the-fly, which we denote
as Test-Time Adaptive Object Detection (TTAOD).

3. Methodology

3.1. Overview of Test-Time Adaptation

Test-time adaptation aims to adapt model weights to the
target-domain distribution alongside inference. We denote the
source-domain labeled data as Ds = {xi, yi}, where yi =
{bi, ci} denotes the ground-truth box annotations and class la-
bels, respectively. We further denote the backbone features as
fi = f(xi; Θ) ∈ RH×W×C , the proposals after RPN and RoI
pooling as ai ∈ RNa×D, and the predictors as hc(ai) for se-
mantic classification and hr(ai) for box regression. An object
detection model is trained on the source-domain labeled data
by optimizing the classification and regression losses. When the
model is deployed on target-domain unlabeled data Dt = {xj},
we assume that test samples arrive sequentially, predictions
must be produced immediately, and the model is updated online
using a small incoming mini-batch rather than a pre-collected
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Figure 2: Overview of the proposed STFAR framework. In the source domain, STFAR computes feature distributions at both the global and foreground levels in an
offline manner. During test-time adaptation, self-training is applied by predicting pseudo-labels with the teacher network. The student network is then supervised
by the pseudo-labels. Self-training is further regularized by distribution alignment for improved robustness.

target set. In the following sections, we elaborate on how self-
training with distribution alignment regularization enables this
form of test-time adaptation for object detection.

3.2. Test-Time Adaptation by Self-Training

Self-training has proven highly effective in semi-supervised
learning. It typically generates pseudo-labels for unlabeled
samples, and the most confident predictions are then used to su-
pervise model training. In this work, we adopt an approach sim-
ilar to semi-supervised learning Tarvainen and Valpola (2017):
two networks are maintained throughout adaptation, namely the
student network f(x; Θ) and the teacher network f(x; Θ̂). The
teacher-network weights are updated as the exponential moving
average of the student weights, i.e., Θ̂t = βΘ̂t−1 + (1− β)Θt.
Each input image is augmented with one strong augmentation
S(x) and one weak augmentationW(x). We adopt the strong-
augmentation strategy proposed in Xu et al. (2021). The teacher
model predicts objects on the weakly augmented sampleW(x)

and obtains a set of pseudo-labeled objects P = {b̂i, ŷi}, where
b̂i and ŷi denote the bounding-box coordinates and class la-
bels, respectively. To reduce the impact of noisy pseudo-labels,
only detections with prediction confidence above a threshold
are retained before being passed to the student model. The stu-
dent model then treats these pseudo-labeled objects as ground
truth, and standard supervised losses are applied to the student
branch. Specifically, we optimize the classification Lcls

st and
regression Lreg

st losses on the student model branch, where the

classification and regression losses follow the definitions in Ren
et al. (2016).

3.3. Global Feature Alignment

Self-training alone is prone to the influence of incor-
rect pseudo-labels, a phenomenon known as confirmation
bias Arazo et al. (2020). In semi-supervised learning, this is-
sue is alleviated by the presence of labeled data, which pro-
vides strong regularization. However, in test-time adaptation
where no labeled data is available, naive self-training may eas-
ily overfit to noisy predictions and lead to performance degrada-
tion. To improve the robustness of self-training, we incorporate
distribution alignment as a regularization term, a strategy that
has proven effective in prior TTA/TTT works Su et al. (2022).
In this work, we propose Global Feature Alignment (GFA),
which aligns the distribution of global backbone features be-
tween the source and target domains. Unlike feature alignment
methods in UDA (e.g., DA-Faster, SWDA) that require concur-
rent source images and treat alignment as the primary training
objective, GFA is specifically designed for the TTA setting: (1)
it requires no source images at test time, relying only on com-
pact offline-stored first- and second-order source statistics; (2)
it serves as a regularization term to stabilize self-training rather
than as the primary objective; and (3) it operates online on
the sequential test stream using small incoming mini-batches,
compatible with streaming inference. This regularization keeps
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backbone features closer to the source-domain distribution and
helps suppress error accumulation during online adaptation.

Specifically, we model the global features in the source do-
main using a multivariate Gaussian distribution N(µs,Σs). In
a typical Faster R-CNN pipeline, the backbone network outputs
a global feature map fi ∈ RC×H×W for an input image xi. To
extract a compact representation for estimating the distribution,
we perform average pooling over spatial dimensions:

g(xi) =
1

HW

∑
h,w

fihw (1)

With vectorized features for each image, we estimate the
source-domain distribution parameters by Eq. 2.

µs =
1

|Ds|
∑

xi∈Ds

g(xi),

Σs =
1

|Ds|
∑

xi∈Ds

(g(xi)− µs)(g(xi)− µs)
⊤

(2)

We align the target distribution to the source domain by mini-
mizing the symmetric KL divergence between two multivariate
Gaussian distributions, as in Eq. 3. Since the KL divergence
between two Gaussian distributions has a closed-form solution,
the alignment objective can be optimized directly with gradient
descent.

Lal = DKL(N (µs,Σs)∥N (µt,Σt))+DKL(N (µt,Σt)∥N (µs,Σs))
(3)

Although the source-domain statistics can be computed offline
using all available source training samples, estimating the target
distribution under the TTA protocol is less straightforward. Es-
timating the target distribution from a single mini-batch is sen-
sitive to the randomness of a small temporal window, because
test samples are not necessarily drawn i.i.d. from the target-
domain distribution Gong et al. (2022). Therefore, we estimate
the target-domain distribution in an exponential moving aver-
age manner. Specifically, we use a hyperparameter γ to control
the contribution of the current mini-batch, and derive the target-
domain distribution incrementally according to Eq. 4, where B
denotes a mini-batch of test samples.

µt =µt + δ, δ = γ
∑

xi∈{B}

(g(xi)− µt)

Σt =Σt + γ
∑

xi∈{B}

[(g(xi)− µt)(g(xi)− µt)
⊤ − Σt]− δδ⊤

(4)

3.4. Prototype-guided Foreground Contrast
Global feature alignment promotes consistent representation

across entire images. However, unlike image classification, ob-
ject detection relies heavily on accurate instance-level features.
Existing methods, such as WHW Yoo et al. (2024), typically
adopt distribution-alignment strategies to align instance-level
features between the source and target domains. Yet, due to
classification and regression errors, target-domain predictions
are often noisy, leading to inaccurate feature distributions and

category confusion. To address this issue, feature alignment
alone is insufficient; cross-category contrastive learning is also
needed to improve the discriminability of target-domain fea-
tures. At the instance level, PFC uses source prototypes to
make target RoI features more discriminative and reduce cat-
egory confusion caused by noisy pseudo-labels.

To this end, inspired by FSCE Sun et al. (2021), a contrastive
head is introduced alongside the classification and regression
heads. This additional branch employs a two-layer multilayer
perceptron (MLP) to project the RoI features x ∈ RN×D into a
contrastive embedding z ∈ RN×Dc , where D is the RoI feature
dimension and Dc = 128 is the default contrastive embedding
dimension. The transformation is formulated as:

z = W2 · σ(W1 · x+ b1) + b2, (5)

where W1,W2 and b1, b2 denote the weights and biases of the
two linear layers, and σ(·) represents the ReLU activation func-
tion.

We compute class prototypes offline from source-domain
foreground RoI features. Specifically, for each class c, the
source prototype is obtained by averaging all source-domain
foreground RoI features assigned to that class:

āc =
1

Nc

Nc∑
i=1

asic, (6)

where asic ∈ RD denotes the RoI feature of the i-th source-
domain foreground instance from class c, and Nc is the num-
ber of source-domain foreground instances belonging to class
c. The source prototype in the contrastive embedding space is
then computed by

zsc = W2 · σ(W1 · āc + b1) + b2. (7)

During test-time adaptation, for each target RoI feature zi
with pseudo-label ci, we use the source prototype zsci of the
same class as the positive anchor, and the prototypes of all other
classes as negatives. This yields a prototype-guided contrastive
objective that pulls target foreground features toward the cor-
responding source-class prototype while separating them from
prototypes of other classes. The contrastive loss is defined as:

Lcon =
1

N

N∑
i=1

Lzi , (8)

Lzi = − log
exp(z̃⊤i z̃sci/τ)∑Cn

c′=1 exp(z̃
⊤
i z̃sc′/τ)

, (9)

where Cn denotes the number of object categories, τ is the
temperature hyperparameter in InfoNCE van den Oord et al.
(2018), z̃i = zi

∥zi∥ ∈ RDc is the normalized target embedding,

and z̃sc =
zs
c

∥zs
c∥
∈ RDc is the normalized source prototype. In

this way, PFC uses stable source-domain prototypes to regular-
ize noisy target foreground features during online adaptation.
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3.5. Overall TTA Algorithm for Object Detection

We summarize the overall test-time adaptation algorithm for
object detection. In the source domain, we first extract back-
bone and foreground features offline. During test-time adapta-
tion, the detector produces predictions for each incoming sam-
ple to support immediate inference while simultaneously updat-
ing the target-domain distribution estimates. Once a mini-batch
of test samples has been accumulated, we update the model
weights via gradient descent. A detailed description of the pro-
cedure is given in Alg. 1.

Algorithm 1: Test-time adaptive object detection algo-
rithm

Input: Testing sample batch Bt = {xi}i=1···NB
.

1 # Offline Stage:
2 for xi ← 1 to NB do
3 Predict objects: hc(a(f(xi))), hr(a(f(xi)));

4 # Adaptation Stage:
5 for xi ← 1 to NB do
6 Augmentation: W(xi),S(xi);
7 Pseudo label prediction: P = {b̂ij , ŷij};
8 Incremental distribution update: Update N (µt,Σt)

by Eq. 4;
9 Test-time adaptation loss:

Ltta = λcls
st Lcls

st + λreg
st L

reg
st + λalLal + λconLcon;

10 Gradient descent update: Θ = Θ− α∇Ltta;

4. Experiments

4.1. Dataset and Evaluation Protocol

We evaluate STFAR on several standard object detection
benchmarks. MS-COCOLin et al. (2014) provides 118K la-
beled training images in train2017, 123K unlabeled images in
unlabeled2017, and 5K validation images in val2017. We con-
struct COCO-C by applying 15 common corruptions to the
COCO validation set, and use the clean COCO training split
to pretrain the source detector. PASCALEveringham et al.
(2015) contains 20 object categories. We use about 15K im-
ages from the 2007 and 2012 trainval splits for source train-
ing, and build PASCAL-C by corrupting the PASCAL VOC
2007 test set, which contains 4,952 images. Cityscapes Cordts
et al. (2016) contains 2,975 training images and 500 validation
images over 8 object categories collected under clear-weather
conditions. Rainy Cityscapes Sindagi et al. (2020) synthe-
sizes rain on Cityscapes images with a physics-based render-
ing pipeline. Following standard practice, we use the strongest
rain setting (α=0.03), which yields 99 test images. Foggy
Cityscapes Sakaridis et al. (2018) renders fog at three density
levels (β ∈ {0.005, 0.01, 0.02}). We use the most challenging
setting, β=0.02, which gives 492 evaluation images. Clipart
contains 1,000 unlabeled images and shares the same 20 cate-
gories as PASCAL. For both Foggy Cityscapes and Clipart, we
follow the PASCAL evaluation protocol.

4.2. Implementation Details
Hyperparameters: We adopt Faster R-CNN Ren et al. (2016)
with a ResNet-50 backbone for all experiments. The model is
optimized with SGD and momentum. We use a batch size of
2 and a learning rate of 1 × 10−4 across all datasets. Unless
otherwise stated, we set λcls

st = λreg
st = 4.0, λal = 0.1, λcon =

0.1, and γ = 1
64 .

Data Augmentation: Following the semi-supervised detec-
tion setting, we apply both weak and strong augmentations.
The strong augmentation includes scale jittering, solariza-
tion, brightness/contrast/sharpness jittering, translation, rota-
tion, and RandErase, where fewer than five random patches are
removed to simulate occlusion. The weak augmentation con-
tains only random resizing and horizontal flipping, allowing
the teacher model to generate more reliable pseudo-labels for
supervising the student model.
Competing Methods: For UDA and source-free baselines, we
directly report the numbers from the original papers. For TTA
baselines, public TTAOD implementations remain limited, so
we re-implement representative methods under the same de-
tector and evaluation protocol. Source Only performs direct
inference on the target domain without adaptation. BN Ioffe
and Szegedy (2015) updates backbone batch-normalization
statistics using target samples. TENT Wang et al. (2020)
adapts batch-normalization parameters by entropy minimiza-
tion. T3A Iwasawa and Matsuo (2021) updates class proto-
types online for prediction. SHOT Liang et al. (2020) freezes
the classifier and adapts the feature extractor with pseudo-
labels and category balancing. Self-Training Xu et al. (2021)
is adapted from semi-supervised object detection by retaining
only its unsupervised component. TTAC Su et al. (2022) aligns
source and target clusters for online adaptation. SAR Niu
et al. (2023) improves stability through sharpness-aware en-
tropy minimization and reliable-sample filtering. CoTTA Wang
et al. (2022) combines entropy minimization, EMA-teacher
supervision, and stochastic restoration. RoTTA Yuan et al.
(2023) further introduces a memory queue of recent target sam-
ples for more robust online updates. WHW Yoo et al. (2024)
uses lightweight adaptors, class-wise feature alignment, and dy-
namic update triggering.

4.3. Main Results
COCO→ COCO-C (Individual): Table 1 reports adaptation
results for each corruption independently. Corruption causes a
severe performance drop, reducing the clean-source mAP from
44.6% to 15.9% for Source Only. BN, TENT, and T3A perform
poorly in this setting, indicating that updating only normaliza-
tion statistics or classifier-related parameters is insufficient for
corrupted object detection. In contrast, SHOT, Self-Training,
TTAC, and WHW all improve over direct testing, confirming
the benefit of stronger feature adaptation or pseudo-label super-
vision. TTAC is a particularly strong baseline, suggesting that
distribution alignment remains effective under synthetic cor-
ruptions. Notably, TTAC outperforms STFAR on two digital
corruptions (Pixelate: 25.4 vs. 23.0, and JPEG compression:
23.7 vs. 23.0). We attribute this to TTAC’s stronger empha-
sis on global distribution matching, which can be advantageous
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Table 1: Results on COCO → COCO-C under individual and continual corruptions (mAP, %).

Methods Noise Blur Weather Digital Avg
Gauss Shot Impulse Defocus Glass Motion Zoom Snow Frost Fog Bright Contrast Elastic Pixelate Jpeg

Clean - - - - - - - - - - - - - - - 44.6
Source Only 8.2 10.0 9.1 12.9 4.7 9.1 4.9 19.8 24.0 38.9 38.4 22.9 16.5 6.2 13.2 15.9

Individual Adaptation

BN Ioffe and Szegedy (2015) 1.4 1.8 1.5 1.7 0.8 1.8 2.0 5.8 8.3 13.6 15.2 3.4 7.3 2.2 3.1 4.7
TENT Wang et al. (2020) 1.5 1.7 1.6 0.5 0.5 1.6 0.8 5.4 6.4 9.7 8.5 5.6 5.0 2.4 2.2 3.6
T3A Iwasawa and Matsuo (2021) 4.6 5.8 5.2 8.3 3.1 5.8 3.5 13.8 17.2 28.9 28.8 15.9 11.3 4.1 9.0 11.0
SHOT Liang et al. (2020) 11.0 13.0 12.1 14.7 7.2 11.0 6.4 22.0 26.7 41.5 40.9 26.6 19.7 9.7 16.4 18.6
Self-Training Xu et al. (2021) 13.8 15.3 15.3 14.5 9.7 11.9 6.6 24.8 26.0 38.4 37.4 28.5 20.2 14.5 18.9 19.7
TTAC Su et al. (2022) 14.3 16.2 15.3 14.2 11.9 13.2 7.3 24.0 26.9 39.0 38.9 28.3 26.2 25.4 23.7 21.7
WHW Yoo et al. (2024) 13.6 15.6 14.8 14.3 13.6 14.3 7.8 24.0 26.7 37.5 36.8 27.0 27.3 23.7 22.6 21.3
SAR Niu et al. (2023) 12.8 14.5 14.1 13.2 10.2 11.8 6.7 22.9 25.1 38.5 37.8 27.0 21.4 16.1 19.8 19.5
STFAR (Ours) 16.1 17.8 17.3 15.2 13.7 14.7 7.6 27.8 28.2 39.1 38.5 30.3 27.6 23.0 23.0 22.7

Continual Adaptation

Self-Training Xu et al. (2021) 9.6 12.5 12.0 4.0 2.9 4.8 3.1 16.2 23.5 35.1 34.0 21.8 16.6 8.2 12.7 14.5
WHW Yoo et al. (2024) 12.7 17.8 17.5 12.4 11.5 11.3 6.6 22.8 26.9 38.6 38.5 28.0 25.1 21.2 22.2 20.9
WHW-Skip Yoo et al. (2024) 14.4 17.1 16.0 13.9 11.7 12.2 6.3 22.1 25.5 37.7 37.1 25.5 24.1 23.1 21.1 20.5
CoTTA Wang et al. (2022) 11.9 15.8 15.1 11.2 10.3 10.8 5.9 21.4 24.7 37.2 36.8 26.1 23.0 19.6 20.3 19.3
RoTTA Yuan et al. (2023) 12.3 16.2 15.6 11.8 10.8 11.1 6.1 21.9 25.2 37.8 37.4 26.8 23.7 20.4 21.0 19.9
TCA Ni et al. (2025) 13.4 17.0 16.4 12.7 11.4 11.7 6.4 22.6 25.9 38.4 38.0 27.6 24.3 21.1 22.1 20.6
STFAR + StoRestore(Ours) 15.1 17.8 17.0 14.7 12.0 13.4 7.2 26.0 28.1 39.6 39.2 30.3 25.5 23.0 22.7 22.1

Table 2: Results on PASCAL → PASCAL-C with a ResNet-50 backbone (mAP, %).

Methods Noise Blur Weather Digital Avg
Gauss Shot Impulse Defocus Glass Motion Zoom Snow Frost Fog Bright Contrast Elastic Pixelate Jpeg

Clean - - - - - - - - - - - - - - - 80.4

Source Only 11.7 16.4 14.0 16.7 13.5 18.8 25.7 37.7 44.1 64.1 69.5 23.8 43.4 26.0 38.6 30.9
BN Ioffe and Szegedy (2015) 4.7 6.8 5.1 7.4 4.5 9.8 13.4 19.1 22.1 35.3 39.5 20.6 17.1 9.1 10.5 15.0
TENT Wang et al. (2020) 3.1 4.0 3.3 2.6 2.5 5.3 4.8 12.8 13.7 19.0 19.6 9.9 11.0 8.8 4.5 8.3
T3A Iwasawa and Matsuo (2021) 6.1 8.4 6.5 11.0 6.4 10.1 13.8 16.8 20.6 32.7 36.9 12.5 19.7 13.2 14.8 15.3
SHOT Liang et al. (2020) 12.0 19.9 16.4 18.9 11.6 19.7 27.6 42.5 45.8 67.5 72.0 31.7 46.6 33.1 41.8 33.8
Self-Training Xu et al. (2021) 27.8 30.6 33.6 24.2 25.8 25.8 27.8 49.1 51.9 68.8 71.6 46.4 57.9 52.8 53.7 43.2
TTAC Su et al. (2022) 29.8 35.1 33.6 29.3 28.7 29.2 34.9 48.0 50.4 68.7 72.2 40.4 58.1 46.1 46.4 43.4
SAR Niu et al. (2023) 31.2 37.4 35.0 31.8 29.5 30.8 35.6 50.2 51.8 69.1 71.5 43.7 58.8 48.5 47.8 44.9
STFAR (Ours) 34.1 40.5 35.9 35.9 32.0 34.6 36.5 52.8 53.5 69.5 72.1 50.8 59.8 54.9 54.3 47.8

for structured digital artifacts, whereas STFAR balances self-
training, GFA, and PFC to improve robustness over a broader
range of corruptions. This also suggests a useful direction for
strengthening GFA on structured artifacts while preserving ST-
FAR’s overall robustness. Overall, STFAR achieves the best
average performance.

COCO→ COCO-C (Continual): We next consider continual
adaptation, where the 15 corruption types are encountered se-
quentially. This setting is more challenging because the model
must adapt to the current corruption while retaining knowledge
acquired from earlier ones. To improve stability, we incor-
porate Stochastic Restoration Wang et al. (2022), which ran-
domly resets a small fraction of trainable weights toward their
source-model values and thus mitigates catastrophic forgetting
at negligible extra cost. Self-Training degrades substantially
in this regime and eventually performs worse than the source
model on later corruptions. WHW and WHW-Skip are more
stable, but STFAR still delivers the best average result. We
further compare with CoTTA, RoTTA, and TCA, all built on

the same self-training detector. CoTTA and RoTTA perform
below STFAR, suggesting that classification-oriented continual
TTA strategies alone are less effective at handling the localiza-
tion errors and instance-level ambiguity accumulated in con-
tinual object detection. TCA Ni et al. (2025), a recent contin-
ual TTA method that preserves inter-class topology during on-
line adaptation, achieves 20.6% average mAP, which is higher
than CoTTA and RoTTA but still below STFAR + StoRe-
store (22.1%). This indicates that while topology-preserving
regularization can improve continual robustness to some ex-
tent, it remains less effective than a detection-specific design
that explicitly handles pseudo-box noise, localization drift, and
foreground-background confusion.

PASCAL → PASCAL-C: Table 2 shows that corruption also
causes a large accuracy drop on PASCAL-C, where Source
Only falls from 80.4% on the clean set to 30.9% on average.
Self-Training and TTAC already provide clear gains over direct
testing, confirming that online adaptation is effective in this set-
ting. The largest improvements appear under more severe cor-
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ruptions, where the gap between source and target distributions
becomes larger. STFAR achieves the highest average perfor-
mance and performs best on most corruption types, showing
that the combination of self-training, GFA, and PFC transfers
well beyond COCO-C.
Cityscapes→ Foggy Cityscapes: We further evaluate STFAR
under a real-world weather shift. As shown in Table 3, Source
Only reaches only 25.2% mAP, which highlights the difficulty
of transferring a clear-weather detector directly to foggy scenes.
UDA methods still obtain the strongest results because they can
access both source and target data during training; for example,
MeGA-CDA reaches 41.8% mAP. Among source-free base-
lines, IRG achieves 37.1%. STFAR reaches 40.7% mAP with-
out using source images or offline target-domain adaptation,
outperforming most source-free baselines and approaching the
performance of strong UDA methods. Among TTA baselines,
STFAR also outperforms TENT (23.0%), TTAC (35.6%), and
SAR (33.4%), demonstrating its effectiveness under real-world
domain shifts.
Cityscapes→ Rainy Cityscapes→ Foggy Cityscapes (Con-
tinual): We also evaluate a real-world continual shift se-
quence from clear weather to rain and then fog. Table 4
shows that STFAR improves over the self-training baseline
on Foggy Cityscapes by 1.8 points and preserves Cityscapes
performance better by 6.0 points. Although self-training is
slightly better at the intermediate Rainy Cityscapes stage, it
degrades more severely after the shift to fog and forgets more
of the original source-domain knowledge. In contrast, when
STFAR is equipped with the Stochastic Restoration strategy
from CoTTA Wang et al. (2022), parameter drift is better con-
trolled by stochastically restoring a fraction of weights toward
the source model, leading to more stable adaptation across the
sequential domain shifts.
PASCAL→ Clipart: Finally, we evaluate cross-style adapta-
tion from photographs to clipart images. As shown in Table 5,
Source Only achieves only 27.8% mAP, confirming the large
appearance gap between the two domains. UDA and source-
free baselines improve on this result, with IRG reaching 31.5%
mAP among source-free methods. STFAR further boosts per-
formance to 37.4%, outperforming all compared baselines and
yielding particularly strong gains on categories such as person
and horse.

4.4. Qualitative Results

We visualize object detection results on corrupted COCO im-
ages in Fig. 3. Each column group corresponds to one corrup-
tion type, and each row shows the output of Source Only, Self-
Training, or STFAR. The left image presents detection results
with green boxes for true positives (TP), red boxes for false pos-
itives (FP), and blue boxes for false negatives (FN, i.e., missed
ground-truth objects), while the right image shows the corre-
sponding Grad-CAM heatmap. The three scenes span diverse
categories and scales: medium dogs and large persons (impulse
noise), a large train with tiny traffic lights (snow), and a multi-
scale elephant herd (JPEG compression). Source Only strug-
gles most with small and medium instances: under snow, the

tiny traffic lights are almost entirely missed (blue FN), and un-
der impulse noise, the medium-sized dogs are poorly localized;
its heatmaps scatter over backgrounds rather than objects. Self-
Training recovers some of these missed detections but over-
shoots on large, salient objects: in the snow scene the train
and surrounding region attract spurious FP boxes, and in the
elephant scene repeated FP detections appear around already-
detected individuals. STFAR consistently detects objects across
all scales with fewer FP and FN than the baselines: the small
traffic lights under snow are largely recovered, medium dogs
under impulse noise are better localized, and the varying-size
elephants under JPEG compression are more cleanly separated.
While STFAR occasionally still misses some instances (e.g.,
the smallest traffic lights), its Grad-CAM maps concentrate on
actual object regions, reflecting that GFA and PFC regulariza-
tion produce more discriminative, scale-aware feature represen-
tations.

4.5. Ablation Studies
We conduct an ablation study on PASCAL-C to assess the ef-

fectiveness of each individual component. As shown in Table 6,
directly testing the source model on the target domain with-
out any adaptation yields a low mAP of 11.7%. Introducing
self-training alone significantly boosts performance to 27.8%,
highlighting its effectiveness in adapting the source model to
the target distribution. Applying global feature alignment in-
dependently also results in a notable improvement (26.9%),
though slightly lower than self-training. When self-training
and global feature alignment are combined, the model improves
further to 32.6% mAP, demonstrating their complementary ef-
fects, with global alignment acting as a regularizer for the noisy
pseudo-labels generated by self-training. Finally, incorporat-
ing Prototype-guided Foreground Contrast (PFC) leads to the
best result, achieving a mAP of 34.1%. This confirms that
PFC further enhances test-time adaptation by improving fore-
ground feature discriminability, and that the combination of
self-training, GFA, and PFC is highly effective for adaptive ob-
ject detection under domain shift.

To provide a more intuitive view of the proposed strategy,
we visualize the feature distributions using t-SNE. As shown
in Fig. 4, we present feature distributions from different FPN
layers under several conditions, using zoom blur and Gaussian
noise as representative corruptions. Here, Original denotes
the feature distribution of the source model on clean images,
Zoom or Gauss denotes the distribution of the source model
on corrupted images, and Adapt denotes the distribution of the
adapted model on corrupted images. A clear discrepancy can
be observed between the clean and corrupted feature distribu-
tions at every FPN layer. In contrast, feature alignment pulls
corrupted-image features closer to the source-domain distribu-
tion, indicating its effectiveness in mitigating domain shift. We
further visualize instance-level feature distributions under elas-
tic corruption in Fig. 5. Corruption makes the decision bound-
aries less distinct and increases ambiguity among visually sim-
ilar categories. The proposed PFC alleviates this issue by pro-
ducing more separable and discriminative feature representa-
tions. In addition, Fig. 6 compares recall and precision against
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Table 3: Results on Cityscapes → Foggy Cityscapes (mAP, %). S: Source Only; UDA: Unsupervised Domain Adaptation; SFDA: Source-Free Domain Adaptation;
TTA: Test-Time Adaptation.

Type Method prsn rider car truck bus train mcycle bicycle mAP

S Source Only 29.3 34.1 35.8 15.4 26.0 9.1 22.4 29.7 25.2

UDA

DA FasterChen et al. (2018) 25.0 31.0 40.5 22.1 35.3 20.2 20.0 27.1 27.6
SWDASaito et al. (2019) 29.9 42.3 43.5 24.5 36.2 32.6 30.0 35.3 34.3
Progressive DA Hsu et al. (2020) 36.0 45.5 54.4 23.2 45.7 25.8 29.1 35.9 36.9
Categorical DA Xu et al. (2020) 32.9 43.8 49.2 27.2 45.1 36.4 30.3 34.6 37.4
MeGA CDA Hsu et al. (2020) 37.7 49.0 52.4 25.4 49.2 46.9 34.5 39.0 41.8
Unbiased DA Deng et al. (2021) 33.8 47.3 49.8 30.0 48.2 42.1 33.0 37.3 40.4

SFDA

SFOD-MosaicLi et al. (2021) 21.7 44.0 40.4 32.2 11.8 25.3 34.5 34.3 30.6
HCLHuang et al. (2021) 26.9 46.0 41.3 33.0 25.0 28.1 35.9 34.6 34.6
LODSLi et al. (2022) 34.0 45.7 48.8 27.3 39.7 19.6 33.2 37.8 35.8
Mean-TeacherXu et al. (2021) 33.9 43.0 45.0 29.2 27.1 25.6 38.2 34.3 37.1
IRGVS et al. (2023) 37.4 46.9 51.9 24.4 39.6 25.2 41.5 41.6 37.1

TTA

TENT Wang et al. (2020) 25.8 31.2 33.4 12.1 28.4 5.3 20.1 27.8 23.0
TTAC Su et al. (2022) 38.5 47.2 53.1 22.4 44.3 13.8 27.3 37.8 35.6
SAR Niu et al. (2023) 36.2 44.8 50.3 20.7 41.2 12.4 25.8 35.6 33.4
STFAR (Ours) 43.2 51.0 58.4 28.9 50.6 21.2 30.7 41.7 40.7

Table 4: Results on Cityscapes → Rainy Cityscapes → Foggy Cityscapes under
continual adaptation (mAP, %).

Method
Rainy

Cityscapes
Foggy

Cityscapes
Source
Domain

Source Only 35.1 31.7 65.6
Self-Training 39.6 35.4 54.4
STFAR + StoRestore 39.4 37.2 60.4

self-training, showing that the proposed method consistently
outperforms the self-training baseline on both metrics.
Alternative Weights Update: By default, STFAR updates only
the backbone weights during TTA, since this allows the RPN
and R-CNN heads to be reused and these components are less
likely to be directly affected by target-domain corruptions. In
this section, we examine alternative subsets of weights to up-
date during TTA. As shown in Table 7, when BatchNorm statis-
tics are updated, mAP drops significantly. When BN statistics
are frozen and only the affine parameters are updated, perfor-
mance improves over the baseline. When all model weights, in-
cluding RPN and R-CNN, are updated, the performance is still
inferior to STFAR, which only updates the backbone weights.
Overall, updating only the backbone weights during TTA is
more effective than the alternative update strategies considered
here.
Feature Layers for Alignment: To identify the most suit-
able global features for object detection, we evaluate feature
alignment at different FPN layers (see Table 8). Specifically,
in Faster R-CNN with a Feature Pyramid Network (FPN), we
align features from different pyramid levels. Experimental re-
sults show that aligning features from different layers consis-
tently outperforms the unaligned baseline, indicating that multi-
layer features can all be effectively utilized for object detec-
tion. Additionally, aligning higher-level FPN features generally

yields better performance, suggesting that higher-level seman-
tic features are more amenable to distribution modeling. More-
over, aligning features from all layers simultaneously achieves
the best results, as it imposes richer constraints that improve
model performance.
Contrastive Head Dimension: Table 9 shows performance
under different contrastive-head feature lengths. The best re-
sult is achieved with a length of 128, yielding 34.1% mAP, and
we therefore use this setting by default. Other settings lead to
slightly lower but comparable results, indicating that moderate
feature dimensions are more effective for contrastive learning.
Stability of the TTA Algorithm: We also investigate the sta-
bility of the STFAR algorithm by running it multiple times
with different random seeds. Table 10 presents the mean Av-
erage Precision (mAP) over five different seeds evaluated on
the Gaussian Noise subset of PASCAL-C. All seeds produced
similar results, with the mAP values ranging from 33.7% to
34.4%. These results suggest that the model is relatively sta-
ble across random seeds, as performance varies only slightly
between runs.

5. Conclusion

This work addresses the challenge of adapting a source-
domain detector to target data corrupted by natural noise when
the target distribution is unknown before inference. By combin-
ing self-training with feature-distribution alignment regulariza-
tion, the detector can be updated effectively during test-time
adaptation. To support systematic evaluation, we transform
three standard object detection datasets into corrupted target-
domain benchmarks for TTAOD. Comprehensive experiments
show that the proposed method consistently outperforms exist-
ing test-time adaptation baselines, demonstrating strong robust-
ness and effectiveness. Despite these advantages, the method
introduces additional computational overhead and does not yet
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Table 5: Results on PASCAL → Clipart (mAP, %). S: Source Only; UDA: Unsupervised Domain Adaptation; SFDA: Source-Free Domain Adaptation; TTA:
Test-Time Adaptation.

Type Method aero bcycle bird boat bottle bus car cat chair cow table dog horse bike prsn plnt sheep sofa train tv mAP

S Source Only 35.6 52.5 24.3 23.0 20.0 43.9 32.8 10.7 30.6 11.7 13.8 6.0 36.8 45.9 48.7 41.9 16.5 7.3 22.9 32.0 27.8

UDA
DA FasterChen et al. (2018) 15.0 34.6 12.4 11.9 19.8 21.1 23.3 3.1 22.1 26.3 10.6 10.0 19.6 39.4 34.6 29.3 1.0 17.1 19.7 24.8 19.8
ADDAInoue et al. (2018) 20.1 50.2 20.5 23.6 11.4 40.5 34.9 2.3 39.7 22.3 27.1 10.4 31.7 53.6 46.6 32.1 18.0 21.1 23.6 18.3 27.4
BDC FasterSaito et al. (2019) 20.2 46.4 20.4 19.3 18.7 41.3 26.5 6.4 33.2 11.7 26.0 11.7 36.6 41.5 37.7 44.5 10.6 20.4 33.3 15.5 25.6

SFDA

PL Khodabandeh et al. (2019) 18.3 48.4 19.2 22.4 12.8 38.9 36.1 5.2 36.9 24.8 29.3 9.1 34.6 58.6 43.1 34.3 9.1 14.4 26.9 19.8 28.2
SFOD Li et al. (2021) 20.1 51.5 26.8 23.0 24.8 64.1 37.6 10.3 36.3 20.0 18.7 13.5 26.5 49.1 37.1 32.1 10.1 17.6 42.6 30.0 29.5
Mean-Teacher Xu et al. (2021) 22.3 42.3 23.8 21.7 23.5 60.7 33.2 9.1 24.7 16.7 12.2 13.1 26.8 73.6 43.9 34.5 9.1 24.3 37.9 42.2 29.1
IRG VS et al. (2023) 20.3 47.3 27.3 19.7 30.5 54.2 36.2 10.3 35.1 20.6 20.2 12.3 28.7 53.1 47.5 42.4 9.1 21.1 42.3 50.3 31.5

TTA STFAR (Ours) 13.6 58.2 29.4 29.3 40.8 54.7 39.4 10.9 34.8 8.1 36.3 25.3 42.9 77.0 61.0 41.7 23.3 26.3 44.9 50.4 37.4
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Figure 3: Qualitative results on COCO-C under three corruption types: impulse noise, snow, and JPEG compression. For each row, the left image shows detection
results with green boxes for true positives (TP), red for false positives (FP), and blue for false negatives (FN, missed ground-truth objects), while the right image
shows the corresponding Grad-CAM activation heatmap.

Table 6: Ablation on PASCAL-C using the Gaussian Noise subset of the vali-
dation set (mAP, %).

Self
Training

Global Feature
Alignment

Prototype-guided
Foreground Contrast mAP

– – – 11.7
✓ – – 27.8
– ✓ – 26.9
✓ ✓ – 32.6
✓ ✓ ✓ 34.1

leverage external semantic priors, which may limit efficiency
in real-time applications. Future work will focus on reducing
computational and memory costs and on incorporating knowl-
edge from foundation or vision-language models to provide
richer semantic guidance in real-world scenarios.
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Figure 4: t-SNE visualizations on two corruptions: (a) Zoom blur and (b) Gaussian noise. The plots show the feature distribution of clean images in the source-
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